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INTRODUCTION
Natural microbial communities form complex metabolic networks that fundamentally influence ecosystem functioning (Allison and Martiny 2008; Hallam and McCutcheon 2015; Zelezniak et al. 2015) . Detailed knowledge on microbial communities and their dynamics is required for safeguarding ecophysiological processes in the face of global change, intensified resource exploitation, land-use change, environmental pollution and human health (Bodelier 2011; Hooper, Littman and Macpherson 2012; Kouzuma and Watanabe 2014; Krause et al. 2014) . Microbial communities play crucial roles in bioremediation, wastewater treatment and the production of bioenergy or biochemical compounds (Read et al. 2011; Kleinsteuber, Schleinitz and Vogt 2012; Koch et al. 2014) . Thereby, proactive rational microbial resource management in engineered systems holds promise for facilitating sustainable and economically feasible biotechnological processes (Rittmann 2006; Koch et al. 2014; Volmer, Schmid and Bühler 2015) .
Numerous studies on microbial communities in natural and engineered habitats were conducted using PCR-based techniques such as T-RFLP fingerprinting or amplicon sequencing (Schütte et al. 2008; Read et al. 2011; Cabezas et al. 2015) . Despite the advancement of next-generation sequencing (NGS), T-RFLP analysis still represents a frequently employed viable technique to conduct reproducible high-throughput microbial community analyses (Sboner et al. 2011; van Dorst et al. 2014; Hill et al. 2016; Ji et al. 2016; van Goethem et al. 2016; Weise et al. 2016) . This is supported by taking into account the inhouse availability of capillary electrophoresis technology of many laboratories and further options to combine T-RFLP analysis and amplicon sequencing or employ corresponding T-RF/sequence databases for taxonomic assignment (Weissbrodt et al. 2012; Prakash et al. 2014; Bühligen et al. 2016) . T-RFLP analyses as well as amplicon sequencing approaches determine relative abundances of sequence types representing the composition of the sampled microbial communities. The generated abundance tables are rarefied and used for further statistical analyses (Veresoglou et al. 2014 ). However, due to their clearly higher resolution power, NGS approaches detect at least a significant fraction of rare sequence types whereas T-RFLP analysis is restricted to the detection of abundant types (van Dorst et al. 2014) . For the analysis of microbial communities, the delineation of 'species' as valid taxonomic units is mostly impossible (Rosselló-Móra and Amann 2015) . Thus, the taxonomy-and technique-independent notation 'type' is used hereafter for discrete units within community profiles, i.e. type means terminal restriction fragment (T-RF) regarding T-RFLP analysis or operational taxonomic unit (OTU) in case of NGS data. We refer to different T-RF as different types of equal significance regardless of the actual phylogenetic rank or taxa they belong to, as no sequence information is directly obtained by T-RFLP analysis. This study focuses on the analysis of fingerprinting and amplicon sequencing datasets and we simply term them 'molecular datasets' in a generalised sense.
Using several statistical methods, the complex information within molecular datasets can be converted into numerical values characterising ecological aspects of microbial communities potentially relevant for ecosystem functioning (Hill et al. 2003; Blackwood et al. 2007; Ramette 2007; Read et al. 2011; Lalande, Villemur and Deschênes 2013; Marzorati et al. 2013; Buttigieg and Ramette 2014; Haegeman et al. 2014; Krause et al. 2014) . However, no consensus about a generally applicable concept for quantifying alpha diversity based on molecular datasets including appropriate benchmarking of corresponding indices yet exists. In contrast, numerous partially interrelated indices are commonly applied that quantify different aspects such as richness, diversity, entropy, evenness, inequality, concentration and dominance just to name a few from the 'dense jungle' of available indices (Tuomisto 2012) . In addition to the confusing nomenclature, certain equations applied for the calculation of specific alpha diversity indices may differ depending on the used statistical software (Kuczynski et al. 2011; Tuomisto 2012; Oksanen et al. 2015) . As usually indices' results are interpreted without careful consideration of corresponding equations, such mathematical inconsistencies may be overseen easily by nonstatisticians leading them to potentially wrong conclusions. Furthermore, for simply analysing the community dynamics (i.e. in the sense of compositional changes) based on molecular datasets, indices describing either correlation or (dis-)similarity (i.e. beta-diversity) are frequently employed but their results are interpreted equivalently although different mathematical aspects are quantified (Bell et al. 2008; Marzorati et al. 2008; Carballa et al. 2011; Read et al. 2011; Cabezas et al. 2015) . The lack of a unified concept defining what certain ecological indices mean and how these indices are mathematically related generally complicates their practical use and creates confusion among nonstatisticians (Tuomisto 2011) .
To tackle these issues, we list index criteria that need to be fulfilled by ecological indices to warrant general applicability to molecular datasets, intuitive interpretability and suitability for interstudy data comparison (Hill 1973; Smith and Wilson 1996; Jost 2006; Tuomisto 2012) . Despite the fact that the appropriateness of certain indices was already discussed previously, the criteria selected here are particularly relevant for molecular dataset analyses. However, not all of these criteria are necessarily fulfilled by commonly employed indices. (i) In ecology, 'diversity' comprises the conceptually independent factors 'richness' and 'evenness' (Smith and Wilson 1996; Tuomisto 2012) . Richness (R) represents the number of different types present in a community (in analogy to species richness), whereas evenness reflects their abundance distribution (i.e. abundance homogeneity). (ii) A diversity index should fulfil the 'replication principle'. This means, for example, that its value doubles if R doubles by splitting every present type within a dataset into two independent new types with half the abundance of the original type (Hill 1973; Jost 2006) . (iii) For any diversity index, the weight given to rare and abundant types should be explicitly defined (Tuomisto 2011). (iv) In contrast to diversity, evenness should be replication invariant meaning that it remains constant when each type of the original dataset is replicated n times as the original abundance distribution among present types remains unchanged (Smith and Wilson 1996; Tuomisto 2012) . (v) An ecological index properly reflecting community dynamics should quantify the dissimilarity (or similarity) of the community composition between samples by considering presence/absence of types as well as their relative abundances (i.e. like in the case of beta-diversity indices). It should give values at an intuitively interpretable scale. (vi) As molecular datasets are mostly zero inflated, although generally presupposed, ecological indices should be insensitive to zero-inflated datasets. This means that index values do not change if types with zero abundance (i.e. missing types) are added to the community profiles (Jost 2006) . (vii) Additionally, ecological indices should be scale invariant, i.e. depend on relative rather than absolute abundances (Tuomisto 2012). (viii) In general, an unambiguous nomenclature has to flank any set of ecological indices to prevent confusion (Tuomisto 2011) .
As a step towards the establishment of a general statistical approach, a popular tool set was conceptualised by Marzorati et al. (2008) and employed in numerous studies characterising microbial communities from various environments based on molecular datasets (Read et al. 2011; Koch et al. 2014; Cabezas et al. 2015; Carballa, Regueiro and Lema 2015) . This tool set comprises the descriptive community indices 'rangeweighted richness' (method-dependent weighted number of types), 'functional organisation' (inequality of the abundance distributions, based on Lorenz curves and the corresponding Gini coefficient, G) and 'dynamics' (community profile comparisons by the Pearson product-moment correlation coefficient, P C) (Marzorati et al. 2008) . Notwithstanding its high conceptual and practical usefulness, the tool set's broad applicability and ecological conclusiveness is impaired by the lack of accordance with several of the aforementioned index criteria. First, G accounts for zero abundance values (i.e. missing types). Thus, to prevent confusion with the definition of evenness (ignoring absentees) used in this study, G is denoted as inequality index following Tuomisto (2012) . Second, based on range-weighted richness and the Gini coefficient G, no diversity index can be derived comprising both aspects, and no parameter specifying the weighting of rare and abundant types is included in that concept. Third, P C is sensitive to zero-inflated data and quantifies a correlation but not the similarity between community profiles. To overcome these limitations and to identify a consistent generic set of ecological indices for molecular dataset analysis, we scrutinise a selection of commonly used indices including those of Marzorati et al. (2008) and evaluate their interpretability and compliance with the index criteria.
For the analysis of community composition, we employed indices that are embedded in a unified diversity concept. This concept is the 'diversity of order q' ( q D) as illustrated in Table 1, which is also denoted as the 'effective number of types', 'true diversity' or 'Hill numbers' (Hill 1973; Jost 2006; Tuomisto 2012 (Berger and Parker 1970; Hill 1973; Jost 2006; Tuomisto 2011; Tuomisto 2012 ).
Formula Definition
(1)
Diversity of order q is defined as the reciprocal of the q-weighted mean relative abundances ( qp i ), which are observed in a given community. The 'order q' determines continuously in the range 0 ≤ q ≤ ∞ the weight (i.e. influence or importance) of rare and abundant types for the calculation of the corresponding diversity q D, whereas as index q increases the weight of rare types decreases. The q D formulas specified for q = 0, q = 1, q = 2 and q = ∞ including their interpretations are given below with respect to other corresponding and frequently used diversity indices.
gives the number of present types (i.e. number of T-RF in T-RFLP profiles) regardless of their particular relative abundances and thus equals R.
Diversity of order one (q = 1) quantifies the diversity of a community by weighting all present types according to their particular abundances, i.e. rare and common types are treated in the same way.
According to formula 1, qp i is undefined for q = 1 but its mathematical limit exists and interestingly equals the exponentiated Shannon entropy (i.e. exponentiated Shannon index, exp(H)).
Diversity of order two (q = 2) quantifies the diversity of a community by weighting the most common types significantly more than the rare types. 
Gini coefficient quantifies the inequality (i.e. disparity) of the abundance distribution in a community. The index G equals twice the area between the observed Lorenz curve and the diagonal indicating the perfect equitability which is reached if all types of the community are equally abundant (i.e. G becomes zero in that case). Values of
In contrast to the evenness indices defined above, G takes into account the missing types within a community profile as well (i.e. zero abundance values).
Tuomisto 2012) ( (Leinster and Cobbold 2012) . Diversity profiles particularly support the comparative analysis of highly complex microbial community datasets as obtained from NGS surveys including a large proportion of rare types. Through this, the evaluation of sample-specific ecological characteristics such as the importance of rare types and overall community evenness can be assessed. Optionally, by integrating a similarity matrix which pairwise compares each of the detected types based on a phylogenetic or functional feature, so-called similarity-sensitive diversity profiles are obtained as described previously (Leinster and Cobbold 2012) .
For the analysis of community dynamics, we scrutinised the P C (Marzorati et al. 2008 ) and the one complement of the BrayCurtis dissimilarity index (i.e. similarity index, BC S) as both indices are commonly applied to quantify compositional changes in molecular fingerprints (i.e. community dynamics) (Bell et al. 2008; Read et al. 2011; van Dorst et al. 2014; Oksanen 2015) . By definition, P C determines the linear correlation between two community profiles based on their covariance divided by their standard deviations. P C results in values between -1 (total negative correlation) and 1 (total positive correlation). In contrast, BC S does not assume a linear relationship and is calculated based on presence/absence of types and their relative abundances. It takes values between 0 (total dissimilarity, i.e. no shared types) and 1 (total similarity, i.e. identical samples). In our study, we focus on BC S (not on Bray-Curtis dissimilarity index) to enhance the comparability and interpretability with respect to P C. Consequently, relatively high similarity (i.e. low community dynamics) is expected to coincide with high correlation between two compared community profiles indicated by high BC S and P C values. Various advanced mathematical techniques allow profound analyses of several community dynamics-related aspects as well as methods for multivariate analyses based on molecular datasets and corresponding abiotic/operational data as described elsewhere (McMurdie and Holmes 2013; Buttigieg and Ramette 2014; Faust et al. 2015; Hallet et al. 2016) . However, these issues would go beyond the scope of the present study.
In this study, we evaluate ecological indices commonly used for describing community composition and dynamics regarding their appropriateness for molecular dataset analyses. The candidate indices are applied to artificial and real T-RFLP as well as real amplicon sequencing datasets to demonstrate their general applicability and particular characteristics such as the sensitivity to zero inflation. Based on this systematic plausibility check, a set of appropriate ecological indices is identified. A corresponding guideline of the statistical analysis procedures is provided including commented statistical R-scripts and appropriate molecular datasets for easy trial application.
MATERIAL AND METHODS

Datasets
To evaluate the suitability of indices describing community composition, an artificial dataset simulating eight T-RFLP community profiles was generated (Fig. 1A) and corresponding numerical data were given as supplementary information (Artificial Data 1 Supp.xlsx). The profiles were subdivided into three groups and differed with respect to richness (between 1 and 24 TRFs; named A to X) and evenness (completely even and variedly uneven).
To validate their practical suitability, candidate indices describing community composition were also applied to real molecular datasets obtained from preceding studies of full-scale and lab-scale anaerobic digesters (Lucas et al. 2015; Leite et al. 2016) . The used real T-RFLP datasets of the bacterial communities (based on 16S rRNA genes) and the methanogenic communities (based on mcrA genes) of the full-scale reactors R1, R2 and R3 in samples from sampling week 1 to 53 (Lucas et al. 2015) are presented as supplementary information (Data R1 Supp.xlsx, Data R2 Supp.xlsx, Data R3 Supp.xlsx). To evaluate the sensitivity of candidate indices to zero-inflated data in general, the analysis results of the complete T-RFLP datasets of reactor R1 were compared to the results obtained from corresponding data subsets containing 11 bacterial or archaeal T-RFLP profiles (sampling weeks 30 to 40). For this, T-RF being particularly absent in all of those 11 samples were removed from the subsets, increasing the ratio of present to absent T-RF as shown in the supplementary information (Data R1 subsets Supp.xlsx).
Furthermore, real amplicon sequencing datasets obtained from previous studies investigating the bacterial community composition (based on 16S rRNA genes analysis) of full-scale and lab-scale reactors were analysed. The NGS datasets are publicly available under the accession numbers PRJEB7413 (Lucas et al. 2015) and PRJEB12073 (Leite et al. 2016 ) (demultiplexed raw data). In both studies, the software pipeline QIIME 1.8.0 Virtual Box release (Caporaso et al. 2010) was employed for data processing according to Kuczynski et al. (2011) and the QIIME documentation (http://qiime.org/) using identical settings in both studies as described previously (Lucas et al. 2015; Leite et al. 2016 ). In the first study (Lucas et al. 2015) , samples from three parallel mesophilic full-scale reactors digesting energy crops were analysed during continuous routine operation at the same sampling time (sampling week 44). From the reactors R1, R2 and R3, in total 2915, 2934 and 3294 reads were obtained. In the second study (Leite et al. 2016) , four continuous mesophilic lab-scale reactors digesting sugar cane filter cake and bagasse were investigated at three time points (days 0, 44, 113 of the experiment). Two replicate reactors (R3.5, R3.6) were inoculated with reactor content taken from different running continuous reactors (MIX), whereas the remaining two replicate reactors (R3.7, R3.8) were inoculated with fresh cattle manure. The reactors' startup phase (day 0, day 44) and the steady-state process (day 113) were monitored. In total, from R3.5 15460, 1505 and 12332 OTU, from R3.6 13467, 8986 and 12578 OTU, from R3.7 12768, 11368 and 15089 OTU, and from R3.8 12974, 14975 and 9236 OTU were obtained. The corresponding OTU tables as well as OTU tables subjected to random subsampling (i.e. rarefaction, to 8900 or 2900 reads per sample) are presented together with rarefaction curves as supplementary information (NGS Data otu-tables Supp.xlsx, NGS Data rarefaction-curves Supp.xlsx).
To evaluate which index is suitable to reflect community dynamics, a second artificial T-RFLP dataset subdivided in sections A and B was analysed (Fig. 2 , Artificial Data 2 Supp.xlsx). Each section contains three groups with each of them comprising two profiles for comparison. The degree of similarity between the two profiles within each group gradually increases (i.e. low, medium and high similarity) as the two profiles share none, four and eight identically abundant types, respectively. Considering the T-RF abundance distributions (i.e. evenness), the two T-RFLP profiles of each group in section A were less similar compared to the corresponding profiles of the section B groups. Additionally, the community dynamics were determined using real molecular datasets (Data R1 Supp.xlsx, Data R2 Supp.xlsx, Data R3 Supp.xlsx, Data R1 subsets Supp.xlsx, NGS Data otutables Supp.xlsx).
Calculation of ecological indices for microbial community analysis
All statistical analyses were conducted using the R language and environment for statistical computing (version 3.2.1) and functions implemented in the packages ineq (version 0.2-13) (Zeileis and Kleiber 2014) , stats (version 3.2.1) (R Development Core Team 2015), vegan (version 2.4-0) and xlsx (version 0.5.7) (Dragulescu 2012) . Corresponding Rscripts were edited using RStudio (version 0.99.467) (RStudio 2012). The BC S was calculated using the vegan function as described in the corresponding tutorial (Oksanen 2015) , whereas for P C the default function in stats was used. We present R-scripts including detailed comments relevant for statistical analysis as supplementary information. Particular ecological indices R, 1 D, 2 D, ∞ D and 1 E , 2 E , ∞ E and H, J , G are calculated for molecular datasets according to the equations in Table 1 (Script1 diversity-analysis Supp). The previously published R-script from Leinster and Cobbold (2012) for the calculation of diversity profiles was commented in detail as well as basically modified by including the 1 D value (q = 1) and omitting a similarity matrix by default (Script2 diversity-profiles Supp). For the analysis of community dynamics, the values for pairwisecompared samples (e.g. consecutive time points) were diagonally extracted from the correlation or (dis-)similarity matrices by using a moving window approach, which is adjustable to any suitable analysis window (Script3 communitydynamics Supp). In addition to further customisable R-scripts, the analysed artificial and real molecular datasets are presented for user-friendly trial application as supplementary information (Artificial Data 1 Supp.xlsx, Artificial Data 2 Supp.xlsx, Data R1 Supp.xlsx, Data R1 subsets Supp.xlsx, Data R2 Supp. xlsx, Data R3 Supp.xlsx, NGS Data otu-tables Supp.xlsx). Figure 1 depicts the first artificial T-RFLP dataset (A) (Artificial Data 1 Supp.xlsx) together with the corresponding values for richness (R) (Fig. 1B) , evenness ( q E , J ), inequality (G) (Fig. 1C) , diversity ( q D) and Shannon entropy (H) (Fig. 1D) . In group I, a setup was considered where R was decreased from 24 T-RF (sample 1) to 12 T-RF (sample 2) and, illustrating an extreme situation, to one T-RF (sample 3), whereas the T-RF in each sample were present at equal relative abundances. Consequently, 1 E , 2 E and ∞ E had the maximum value of 1 in all three samples. J equalled the value of q E in samples 1 and 2 but was mathematically undefined for sample 3. In contrast to q E , G increased proportionally from sample 1 to samples 2 and 3
RESULTS
Evaluation of indices describing community composition
as R decreased by removing T-RF (i.e. adding zero abundances).
As the present T-RF were equally abundant in the samples 1, 2 and 3, the values of 1 D, 2 D and ∞ D equalled the values of R, respectively ( Fig. 1B and D) . The entropy index H dropped less from sample 1 to sample 2 than the values for q D but reached its minimum of 0 in sample 3. In group II, the abundance homogeneity of the 24 T-RF was gradually decreased from sample 4 to samples 5 and 6 as shown (Fig. 1) . The values of J and H were higher than those of q E and q D but decreased similarly in these samples. G increased from sample 4 to 6 (Fig. 1C) (Fig. 1B and C). In sample 8, the abundance distribution was modified by removing the 12 rarest T-RF and keeping the more abundant T-RF compared to sample 6 (group II). Compared to sample 7, this resulted in higher values of 1 E , 2 E , ∞ E and J , as well as higher 1 D, 2 D, ∞ D and H, respectively, whereas G was slightly lower.
In particular, 1 E , 2 E , ∞ E , J and G reached higher values than in sample 6 (Fig. 1) . Figure 3 exemplifies the results of candidate indices describing the community composition based on real T-RFLP datasets obtained from full-scale reactor R1 (Data R1 Supp.xlsx). Corresponding results of the remaining two reactors R2 and R3 are presented as supplementary information as they were comparable to that of reactor R1 (Data R2 Supp.xlsx, Data R3 Supp.xlsx). The bacterial community richness remained remarkably stable in reactor R1, with an average of 24 T-RF (standard deviation (SD) 1.81) whereas the methanogenic community harboured on average 6 T-RF (SD 1.62) (Fig. 3A) . The evenness ( 1 E , 2 E and ∞ E ) of the bacterial and methanogenic communities is shown in Fig. 2B and C, respectively. (Fig. 3E) . In Fig. 3F , the values of Pielou´s evenness J and inequality G are shown but in contrast to Fig. 1C , the scale for G was inverted in Fig. 3F to simplify comparisons here. J remained stable at an average of 0.91 (SD 0.01) for the bacterial community but was more variable and continuously lower with an average of 0.75 (SD 0.05) for the methanogenic community (Fig. 3F) . In any case, the J values were higher than corresponding 1 E values. The average G was 0.76 (SD 0.02) for the bacterial and 0.83 (SD 0.03) for the methanogenic community (Fig. 3F) .
The relatively high values of G indicate high inequality (i.e. low evenness), which is in clear contrast to the results of 1 E , 2 E , ∞ E and J . The complete T-RFLP datasets contained 56% and 67% absent T-RF data points (i.e. zero abundance) for bacteria and methanogens, respectively. Compared to this, the subsets comprising 11 samples contained only 33% and 18% zero abundance, respectively, as all T-RF with zero abundance in the entire subsets were removed (Data R1 subsets Supp.xlsx). In contrast to all other diversity and evenness indices, only the values of G differed between the data subsets and the complete T-RFLP datasets. The average differences of G were 0.13 (SD 0.01) and 0.34 (SD 0.02) for the bacterial and methanogenic community, respectively. Figure 4 exemplifies the diversity profiles calculated from the amplicon sequencing datasets obtained from the lab-scale digesters R3.5 and R3.7 comprising three time points (days 0, 44 and 103). The results of particular indices Figure 2 . Visualisation of the second artificial T-RFLP dataset used for the evaluation of ecological indices describing community dynamics. Each of the two sections (A and B) consists of three groups (low, medium, high), whereas each group comprises two artificial T-RFLP profiles which are compared by the parameters P C and BC S (i.e. community dynamics). The underlying abundance table is given as supplementary information (Artificial Data 2 Supp.xlsx). In both sections, the two profiles of each group share either none (low), four (medium) and eight (high) T-RF with identical abundances (particularly marked by asterisks). In panel B, the T-RFLP profiles in each group are more similar to each other (i.e. higher evenness of the present T-RF) than in the corresponding groups of panel A. are presented additionally as supplementary information (NGS Data results Supp.xlsx). For the calculation of diversity profiles and indices, OTU tables were rarefied according to the sample with the lowest read number within this dataset (i.e. R3.6 at day 0; 8900 reads) (NGS Data otu-tables Supp.xlsx). The diversity of corresponding samples was generally higher in R3.7 than in R3.5 throughout the range of 0 ≤ q ≤ 5.1. The diversity in the samples from day 113 was clearly lower in both digesters compared to earlier time points, which is also reflected by the rarefaction curves (NGS Data rarefaction-curves Supp.xlsx).
The diversity profiles mirror the generally higher richness in R3.7 (555, 471 and 186 OTU) than in R3.5 (450, 410 and 166 OTU) considering corresponding samples (Fig. 4) . However, compared to day 0 the diversity was higher on day 44 in R3.7 at q ≥ 1.3 and in R3.5 at q ≥ 2, respectively (insert of Fig. 4 , red bars). This is in accordance with increased 1 E and 2 E values in R3.7, whereas in R3. Interestingly, the Shannon entropy (H) and Pielou's evenness (J ) equations implemented in the QIIME pipeline contain the base-2 logarithm. In contrast, the equations for H and J embedded in the presented R-scripts contain the natural logarithm leading to significantly different values of H as exemplified for the NGS dataset obtained from the lab-scale digesters in the supplementary information (NGS Data results Supp.xlsx) (Tables 1  and 2 ).
Comparing T-RFLP analysis and amplicon sequencing results (NGS Data results Supp.xlsx), it becomes obvious that amplicon sequencing yields a significantly higher proportion of rare types whereas the T-RFLP analysis detects the more abundant types only. The higher richness detected in amplicon sequencing leads to clearly higher q D values (q < 2) compared to the correspond- quencing data compared to T-RFLP-derived q D when the influence of rare types is strongly decreased (i.e. index q > 2). This is in accordance with a higher community evenness q E measured for the T-RFLP dataset (Fig. 3 ) compared to that derived from the NGS dataset throughout the range of 0 ≤ q ≤ ∞ (NGS Data results Supp.xlsx). Figure 2 shows the results of P C and BC S obtained from the second artificial T-RFLP dataset (Artificial Data 2 Supp.xlsx). As intuitively expected, the values of BC S gradually increased for the groups of none (low), four (medium) and eight (high) shared T-RF in both sections, respectively (Fig. 2) . The same 12 types (T-RF named a to l) are present in all profiles but occur at different abundances resulting in significantly higher similarities between the profiles in the three groups of section B compared to section A as illustrated by the corresponding BC S values. In contrast, the P C indicated negative correlations (from -0.75 to -1), which were identical for the corresponding groups in both sections (Fig. 2) . Figure 5 shows the weekly community dynamics determined based on the real T-RFLP data of the bacterial and methanogenic communities from reactor R1 (Data R1 Supp.xlsx). The compositional change between the T-RFLP profiles of each two subsequent samples was determined based on P C (A) and BC S (B), respectively. Both indices indicate slightly higher compositional changes (i.e. community dynamics) for the Figure 5 . Assessment of the bacterial (squares) and methanogenic (circles) community dynamics between subsequent samples based on the real T-RFLP dataset obtained from the full-scale anaerobic digester R1 employing the indices P C (A) and BC S (B) (Data R1 Supp.xlsx). The two particularly compared sampling weeks are hyphenated (x-axis). As for particular sampling weeks no samples were obtained, these values could not be shown (gaps). Table 3 . Based on the indices P C and BC S, the compositional changes (i.e. community dynamics) were determined by pairwise comparisons of the lab-scale reactors R3.5, R3.6, R3.7 and R3.8 sampled at different time points (days 0, 44, 113 bacterial than for the methanogenic community. However, the analysed microbial communities were relatively stable over time. P C values were on average 0.86 (SD 0.11) and 0.99 (SD 0.02), whereas BC S values were on average 0.80 (SD 0.09) for the bacterial and 0.93 (SD 0.05) for methanogenic community. Interestingly, both indices showed contrasting trends of the community dynamics for particular sample pairs. For the bacterial community such differences of P C and BC S values were found, for example, for sample pairs from weeks 12/13, 33/34, 39/40, 43/44 and 50/51 (Fig. 5) . In contrast to BC S, the P C showed different results for the data subsets compared to the results of corresponding sample pairs from the complete T-RFLP datasets. The absolute difference of the average P C value was smaller for the methanogenic (0.001, SD 0.002) than for the bacterial community (0.049, SD 0.04) (Data R1 subsets Supp.xlsx).
Evaluation of indices describing community dynamics
In analogy to the calculation of compositional changes in T-RFLP data, NGS datasets can also be analysed. To demonstrate this, the community dynamics were determined for the samples of the lab-scale reactor amplicon sequencing dataset (Table 3) . As already reported for the T-RFLP datasets, also for the NGS data both indices show different results considering compositional changes of compared sample pairs. The BCS showed between the samples from days 0 and 44 (reactors start-up phase) a similarity of the community composition around 0.32 for R3.5 and R3.6 and around 0.2 for R3.7 and R3.8, respectively. Between the time points of day 44 and day 113, in R3.5, R3.6 and R3.8 a larger compositional change was detected as indicated by 2-to 3-fold lower BC S values (Table 3 , NGS Data results Supp.xlsx). Exceptionally, the digester R3.7 showed comparable high BC S values of 0.2 and 0.21 between both time points indicating slightly lower community dynamics between day 44 and day 113 compared to the other reactors (Table 3) . The P C values followed the trend of the BC S values as a higher BC S was correlated with a higher P C and vice versa (Table 3) . However, the ratio between the P C values for the samples from days 0 and 44 and from days 44 and 113 clearly deviated from the BC S results. The P C indicated in R3.5 a 5-fold and in R3.8 a 9-fold lower compositional change (i.e. a higher P C value) between days 0 and 44 compared to days 44 and 113 (Table 3 , NGS Data results Supp.xlsx). In contrast, the ratio of the BC S values indicated a 2.8-and 2.4-fold higher change between days 0 and 44 than between days 44 and 113 in the same reactors, respectively. Thus, the P C results are not in line with the generally observed community changes based on corresponding OTU tables and the other particular indices, whereas the BC S values mirror the observed community dynamics (NGS Data otu-tables Supp.xlsx, NGS Data results Supp.xlsx).
DISCUSSION
Indices describing community composition appropriately
It was systematically demonstrated that the indices q D and q E within the unified diversity concept meet all criteria of index appropriateness postulated in this study concerning interstudy comparability and general applicability for molecular dataset analyses. These findings are in accordance with previous studies (Jost 2006; Tuomisto 2012) . The emphasis of rare or abundant types is clearly defined and continuously adjustable by simply selecting the corresponding parameter q (Hill 1973) . The partitioning of q D is important for the separate assessment of its factors R and q E to identify potential corresponding relationships with specific ecosystem functions. According to numerous ecological studies, high diversity due to high richness and/or high evenness is generally expected to be beneficial for the functionality and stability of natural and engineered ecosystems driven by complex microbial communities (Naeem and Li 1997; Wilsey and Potvin 2000; Wittebolle et al. 2009; Werner et al. 2011; Carballa et al. 2015) , but also partially contradicting results were reported for different ecosystems including microbial communities, invertebrates or plants (Jiang 2007; McKie et al. 2008; Becker et al. 2012; Reich et al. 2012) . Furthermore, the ecological implications of rare and abundant types can be targeted by the q D-concept, eventually enabling a more profound understanding of ecological roles of the rare biosphere (Pedrós-Alió 2012). Rare types were shown to account for a large proportion of the overall community richness that per se decreases evenness in habitats harbouring complex microbial communities (Gobet et al. 2012; Lucas et al. 2015) . Rare types may contribute to microbial 'seed banks' increasing the community's genetic and functional potential and they can be disproportionally active that further emphasises their importance for ecosystem functioning (Lennon and Jones 2011; Wilhelm et al. 2014) . However, the resolution power of the applied molecular technique and the choice of the investigated marker genes strongly determine to which extent the rare biosphere is actually explored. For example, significantly different richness, evenness and diversity values were obtained from the same microbial communities in anaerobic digesters depending on different molecular approaches (T-RFLP analysis vs amplicon sequencing) and the phylogenetic variability and functional versatility represented by the specific marker gene (bacterial 16S rRNA genes representing all bacteria vs mcrA genes representing methanogenic archaea) (Lucas et al. 2015) . Thus, apart from applying the appropriate diversity indices, the employed methodological approach and possibly correlated specific ecosystem functions need to be considered when drawing general conclusions from molecular data about the implications of diversity and evenness for a given ecosystem. Differences of the characteristics between the indices q E , J and G were observed in this study. Neither Pielou´s evenness J nor the Gini coefficient G is replication invariant. In contrast to q E and J , G considers zero values as information (Lorenz 1905; Ceriani and Verme 2012) . The Lorenz curve principle and the index G derived thereof were originally developed in economics for measuring the inequality of incomes. In that context, the proportion of unemployed people (i.e. people without income) necessarily serves as an important indicator for the distribution of wealth among a society for instance. As for example Wittebolle et al. (2009) Marzorati et al. (2008) defined 'range-weighted richness' as the 'number of peaks multiplied by a value representing the fraction of gel in the capillary needed to describe the total diversity'. However, T-RF of similar length (i.e. neighbour peaks in electropherograms) or even identical T-RF may originate from very distinct sequence types, and vice versa; T-RF of different lengths may originate from closely related sequence types. Thus, the taxonomic resolution per se depends on the chosen methodological T-RFLP approach (marker gene, amplicon length, restriction enzyme, etc.). Consequently, the 'range weight' as such is meaningless for the determination of the richness in T-RFLP profiles and, instead, the index R should be used.
In certain cases where R is generally low as in methanogenic communities for instance or only the more abundant types of a community are of interest, T-RFLP fingerprinting still represents a viable molecular approach (Dziewit et al. 2015; Söllinger et al. 2016) . In other words, the application of T-RFLP fingerprinting where appropriate avoids 'taking a sledgehammer to crack a nut' as more advanced molecular techniques require considerably higher effort for bioinformatics data analysis and costintensive consumables leading eventually to higher costs per sample (Sboner et al. 2011; Prakash et al. 2014; van Dorst et al. 2014) . This holds specifically true for molecular markers other than rRNA genes which are not routinely employed for NGS analyses (Bouffaud et al. 2016; Colin et al. 2016; Liu and Mattes 2016; Popp, Harms and Sträuber 2016) .
However, especially for the comparative analysis of highresolution datasets such as amplicon sequencing data, the calculation of diversity profiles based on q D provides an effective analysis tool. The importance of rare and/or abundant types for the diversity of the sampled communities as well as connected ecological aspects (such as evenness) can be assessed in the range of 0 ≤ q ≤ ∞ (Leinster and Cobbold 2012). Considering the (most) abundant types (i.e. parameter q ∼ 2), similar q D values were derived from the T-RFLP and NGS dataset of reactor R1. At larger q-values (i.e. decreasing the importance of less-abundant types), corresponding q D values were higher for the analysed T-RFLP than for the NGS datasets. In contrast, at lower q-values (i.e. q < 2) the q D values were higher for the T-RFLP than for the NGS datasets. This demonstrates how the importance of rare/abundant types in molecular datasets obtained by different techniques can be comparatively assessed by diversity profiles and the varied weighting of rare and abundant types. Furthermore, significantly different alpha diversity results were obtained from differently rarefied OTU tables of the same NGS dataset (i.e. 2900 or 8900 reads per sample). This example demonstrates that the level of rarefaction has to be taken into account for ecological data analyses when interpreting results within and between studies in view of the proportion of included rare types. In contrast to the generation of 'classic' diversity profiles based on q D, the incorporation of a similarity matrix results in similarity-sensitive diversity profiles that supports molecular dataset evaluation in cases for which specifically the phylogenetic/functional similarity between detected types may be relevant (Armitage et al. 2012; Doll et al. 2013; Goltsman et al. 2014; Veresoglou et al. 2014) . Notwithstanding the usefulness of those similarity-sensitive diversity profiles, the specific kind of such pairwise similarity and its effect on the overall diversity cannot be explicitly defined in any case. Depending on the specific feature used for the similarity matrix (e.g. a certain marker gene), the functional or phylogenetic background (or a mixture of both) is integrated into a similarity-sensitive diversity index in a hardto-define manner. Furthermore, at q = 0 the corresponding 0 D equals R without a similarity matrix which is not the case if a similarity matrix is integrated, as shown for the 'gut microbiota' example by Leinster and Cobbold (2012) . Instead, comparable low similarity-sensitive diversity values were obtained (0 ≤ q ≤ ∞) although the analysed samples contained more than 200 OTU affiliated to several phyla that seems counterintuitive as the detected types (i.e. OTU) were at least partially not closely related (Turnbaugh et al. 2009 ). Consequently, the corresponding similarity-sensitive diversity values do not reflect the high OTU number in the sense of 'effective number of types' as defined previously (Hill 1973 , Jost 2006 , Tuomisto 2012 . Furthermore, the decrease of the rare types' weight (i.e. increasing parameter q) alters the corresponding q D values relatively less compared to the classic (similarity-insensitive) diversity indices derived from the same dataset (Leinster and Cobbold 2012) . In general, the phylogenetic similarity based on a single marker gene (usually the 16S rRNA gene) does not necessarily mirror similarity on the functional or metabolic level as even closely related phylotypes may carry out very different metabolic pathways in the same environment, i.e. belong to different ecotypes (Kämpfer and Glaeser 2012) . To summarise these considerations, we suggest the application of the similarity-insensitive indices q D and q E and corresponding diversity profiles for initial dataset exploration (or if no similarity information exists). Accordingly, the similaritysensitive diversity profiles are well suited for subsequent advanced statistical analyses in which the similarity information is required to answer more specific ecological research questions (Armitage et al. 2012; Doll et al. 2013; Goltsman et al. 2014; Veresoglou et al. 2014) . The comparison of the Shannon entropy (H) results obtained from the NGS data either by the presented R-scripts or by the QI-IME pipeline (Kuczynski et al. 2011) points out that careful considerations of the actually employed equations are necessary to guarantee correct data interpretation. As the natural logarithm is commonly employed for calculating H and allows the transformation into diversity 1 D, we use this variant in our R-scripts following the literature (Smith and Wilson 1996; Tuomisto 2012; Oksanen et al. 2015) .
Indices describing community dynamics appropriately
As demonstrated, the BC S index reflected similarity gradients between samples as intuitively expected whereas the P C index gave misleading results. It was revealed that certain sample pairs showed contradicting trends regarding their similarity and correlation, respectively. Additionally, for the same sample pairs within the complete T-RFLP dataset and its subset, the BC S index remained constant (i.e. zero-inflation insensitive) whereas the P C values differed. As P C values range from -1 to 1, an intuitive conclusion about the difference between compared fingerprints remains elusive. Furthermore, the P C does not ignore missing types that are absent from particularly compared samples but considers them as a common feature resulting in a higher correlation in such cases. However, types absent in two samples do generally not alter the similarity between these samples but may increase the dissimilarity of particular samples compared to other samples in which these types are present. Contrastingly, the BC S detects community dynamics unconditionally and solely based on pairwise sample comparison based on the presence and relative abundances of types independently of the number of commonly absent types. Consequently, similarity indices such as BC S should be employed for the analysis of community dynamics instead of correlation indices such as P C. The underlying Bray-Curtis dissimilarity matrix is commonly used for data visualisation employing non-metric multidimensional scaling, which represents a powerful approach for multivariate statistical analysis of fingerprinting data (Ramette 2007; Schütte et al. 2008; Buttigieg and Ramette 2014) . In general, by applying the candidate indices to reanalyse the real molecular datasets, the results of the earlier studies were confirmed demonstrating the indices' general applicability for T-RFLP analysis as well as NGS dataset investigations (Lucas et al. 2015; Leite et al. 2016) .
CONCLUDING REMARKS
The ecological indices R, q E , q D and BC S were found to be generally suitable for the analysis of molecular datasets as they fulfil index-specific criteria regarding ecological consistency, interstudy comparability and intuitive interpretability. Besides the case q = 0 ( 0 D = R), for practical usage, the case q = 1 represents the most important diversity and evenness indices ( 1 D and 1 E ) (Equations 3 and 7), as rare and abundant types are treated similarly based on their relative abundances. Following the unambiguous nomenclature, the contextual classification of other commonly used indices to certain q D-variants is possible through mathematical derivation (Tables 1 and 2 ) (Tuomisto 2012) . Furthermore, q D can be continuously calculated from complex molecular datasets and visualised as a function of parameter q (0 ≤ q ≤ ∞) resulting in diversity profiles that are well suited to evaluate the importance of rare types contributing to overall diversity (Leinster and Cobbold 2012) . It was also shown that the community dynamics is appropriately reflected by the BC S index but not by P C. The conclusive comparison of amplicon sequencing datasets within and between studies requires appropriate rarefaction of underlying OTU tables based on the sample with the lowest read number to exclude the bias otherwise introduced by different sequencing depth (Veresoglou et al. 2014) . In general, among other important parameters the proposed ecological indices may serve for the investigation of biotic interrelationships between certain microbial groups and/or their linkage to relevant abiotic/operational factors using advanced multivariate procedures as presented elsewhere (McMurdie and Holmes 2013; Buttigieg and Ramette 2014) . Perspectively, trait-based analysis may reveal further diversity-function relationships in microbial ecosystems applying the q D-concept based on single-cell characteristics, specific functional genes and their expression levels or proteome data (McGill et al. 2006; Koch et al. 2014; Krause et al. 2014) .
